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Hand Grip Types
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FIG. 10(A)

FIG. 9
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FIG. 11
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FIG. 12
FIG. 13(A) FIG. 13(B) FIG. 13(C)
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o 2800

Obtain, by a processor of a computing device deployed within a Cloud-based
communication network, video signals of a worker performing a hand-related job at a
workplace 2802

v

Receive, by a computing server system deployed within the Cloud-based communication
network, the video signals 2804

¥

Process, by the computing server system, the video signals o ideniify one or more hand
grips and wrist bending involved in the hand-related job 2808

;

Obtain, by the computing server system, hand grip force information relating fo each
identified hand grip 2808

:

Determineg, by the computing server system, neutral or hazardous wrist bending based at
feast upon the wrist bending and the hand grip force information 2810

.

Calculate, by the computing server system, a percent maximum strength for each
identified hand grip 2812

!

Calculate, by the computing server system, g first frequency and duration of each
identified hand grip 2814

:

Calculate, by the computing server system, a second frequency and duration of each
identified wrist bending 2816

é

Determiine, by the computing server system, ergonomic risks of the hand-related job
based at least upon the percent maximum strength for each identified hand grip, the first
frequency and duration of each identified hand grip, and the second frequency and
duration of each identified wrist bending 2818

FIG. 28
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1
VISION-BASED HAND GRIP RECOGNITION
METHOD AND SYSTEM FOR INDUSTRIAL
ERGONOMICS RISK IDENTIFICATION

FIELD OF TECHNOLOGY

The present disclosure generally relates to identifying and
analyzing ergonomic risks at the workplace, and more
particularly relates to vision-based methods and systems
configured to identity industrial ergonomics risks associated
with hand grips.

BACKGROUND

Musculoskeletal disorders generally refer to a common
type of work related illness and have been recognized as a
major cause of absence among working populations. Con-
ditions that are caused or exacerbated by activities at the
workplace are often labeled as work-related musculoskeletal
disorders (WMSDs) and are characterized by discomfort of
nerves, tendons, muscles, and supporting structures of the
body. WMSDs can affect the ability of workers to perform
the required occupational activities which could have a
negative effect on productivity. WMSDs and their relation to
lost workdays in the health care industry have been studied
and found to account for a substantial portion of the WMSD
burden on society. According to some studies, WMSDs of
the hand and wrist are associated with the longest absences
from work and are, therefore, associated with greater lost
productivity and wages than those of other anatomical
regions.

In order to minimize the risk of workers developing hand
related WMSDs, it is crucial to conduct an effective work-
place risk assessment from an ergonomic standpoint. Most
employers do not have ergonomics expertise and rely on
subject matter experts (SMEs) to administer questionnaires
and observe the workplace. However, it is often a time-
consuming process from dispatching ergonomics SMEs to
workplaces to waiting for risk assessment reports based on
observations. With questionnaires, observational assessment
tools, expert evaluations, and job-exposure matrices,
employers may have a sufficient number of tools to conduct
risk assessment, but each tool comes with a number of
limitations that leave the risk assessment incomplete.

Accordingly, it is desirable to develop a method and
system equipped with computer vision and machine learning
capabilities to automatically perform ergonomics risk iden-
tification and assessment of a number of hand grips based on
the video recordings of employees performing various work
tasks in any industrial setup.

SUMMARY

Among other features, the present disclosure relates to a
system deployed within a Cloud-based communication net-
work. In one aspect, the system may comprise a computing
device, comprising: a non-transitory computer-readable
storage medium configured to store an application program;
and a processor coupled to the non-transitory computer-
readable storage medium and configured to control a plu-
rality of modules to execute instructions of the application
program to obtain video signals of a worker performing a
hand-related job at a workplace. The system may further
comprise a computing server system configured to: receive
the video signals, process the video signals to identify one
or more hand grips and wrist bending involved in the
hand-related job, determine a hand grip type of each iden-
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2

tified hand grip, obtain hand grip force information relating
to each identified hand grip, determine neutral or hazardous
wrist bending based at least upon the wrist bending and the
hand grip force information, calculate a percent maximum
strength for each identified hand grip, calculate a first
frequency and duration of each identified hand grip, calcu-
late a second frequency and duration of each identified wrist
bending, and determine ergonomic risks of the hand-related
job based at least upon the percent maximum strength for
each identified hand grip, the first frequency and duration of
each identified hand grip, and the second frequency and
duration of each identified wrist bending.

In one embodiment, the computing server system may be
configured to process the video signals by obtaining one or
more image frames from the video signals and using a deep
learning model to perform a 3-dimensional hand pose esti-
mation in each image frame, and use the deep learning
model to perform a hand grip classification of each identified
hand grip in a number of selected categories. The number of
selected categories may include a cylindrical hand grip, a
diagonal volar hand grip, a tripod hand grip, a pulp hand
grip, a lateral hand grip, an index pointing, and an other-type
hand grip.

In another embodiment, the computing server system may
be further configured to display at least one image of each
identified hand grip to a user and prompt the user to enter the
hand grip force information relating to each identified hand
grip based on the at least one image, obtain the video signals
of the worker performing the hand-related job via a sensor-
less motion capture process, and provide ergonomic risk
control recommendations to mitigate the ergonomic risks.

In accordance with another aspect, the present disclosure
relates to computer-implemented method, comprising:
obtaining, by a processor of a computing device deployed
within a Cloud-based communication network, video signals
of a worker performing a hand-related job at a workplace;
receiving, by a computing server system deployed within the
Cloud-based communication network, the video signals;
processing, by the computing server system, the video
signals to identify one or more hand grips and wrist bending
involved in the hand-related job; determining, by the com-
puting server system, a hand grip type of each identified
hand grip; obtaining, by the computing server system, hand
grip force information relating to each identified hand grip;
determining, by the computing server system, neutral or
hazardous wrist bending based at least upon the wrist
bending and the hand grip force information; calculating, by
the computing server system, a percent maximum strength
for each identified hand grip; calculating, by the computing
server system, a first frequency and duration of each iden-
tified hand grip; calculating, by the computing server sys-
tem, a second frequency and duration of each identified wrist
bending; and determining, by the computing server system,
ergonomic risks of the hand-related job based at least upon
the percent maximum strength for each identified hand grip,
the first frequency and duration of each identified hand grip,
and the second frequency and duration of each identified
wrist bending.

In an embodiment, the processing, by the computing
server system, the video signals may include obtaining one
or more image frames from the video signals and using a
deep learning model to perform a 3-dimensional hand pose
estimation in each image frame. The method may further
comprise using, by the computing server system, the deep
learning model to perform a hand grip classification of each
identified hand grip in a number of selected categories. The
number of selected categories may include a cylindrical
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hand grip, a diagonal volar hand grip, a tripod hand grip, a
pulp hand grip, a lateral hand grip, an index pointing, and an
other-type hand grip.

In another embodiment, the method may further comprise
displaying at least one image of each identified hand grip to
a user; and prompting the user to enter the hand grip force
information relating to each identified hand grip based on
the at least one image.

Moreover, the video signals of the worker performing the
hand-related job may be obtained via a sensorless motion
capture process. The method may further comprise provid-
ing, by the computing server system, ergonomic risk control
recommendations to mitigate the ergonomic risks.

In yet another aspect, the present disclosure relates to a
non-transitory computer readable medium storing computer
executable instructions for a system deployed within a
Cloud-based communication network, the instructions being
configured for: obtaining, by a processor of a computing
device deployed within the Cloud-based communication
network, video signals of a worker performing a hand-
related job at a workplace; receiving, by a computing server
system deployed within the Cloud-based communication
network, the video signals; processing, by the computing
server system, the video signals to identify one or more hand
grips and wrist bending involved in the hand-related job;
determining, by the computing server system, a hand grip
type of each identified hand grip; obtaining, by the comput-
ing server system, hand grip force information relating to
each identified hand grip; determining, by the computing
server system, neutral or hazardous wrist bending based at
least upon the wrist bending and the hand grip force infor-
mation; calculating, by the computing server system, a
percent maximum strength for each identified hand grip;
calculating, by the computing server system, a first fre-
quency and duration of each identified hand grip; calculat-
ing, by the computing server system, a second frequency and
duration of each identified wrist bending; and determining,
by the computing server system, ergonomic risks of the
hand-related job based at least upon the percent maximum
strength for each identified hand grip, the first frequency and
duration of each identified hand grip, and the second fre-
quency and duration of each identified wrist bending.

In one embodiment, the instructions for identifying, by
the computing server system, the one or more hand grips and
wrist bending involved in the hand-related job may further
comprise instructions for: obtaining one or more image
frames from the video signals; using a deep learning model
to perform a 3-dimensional hand pose estimation in each
image frame; and using, by the computing server system, the
deep learning model to perform a hand grip classification of
each identified hand grip in a number of selected categories.
The number of selected categories may include a cylindrical
hand grip, a diagonal volar hand grip, a tripod hand grip, a
pulp hand grip, a lateral hand grip, an index pointing, and an
other-type hand grip.

In an additional embodiment, the non-transitory computer
readable medium may comprise instructions for: displaying
at least one image of each identified hand grip to a user;
prompting the user to enter the hand grip force information
relating to each identified hand grip based on the at least one
image; and providing, by the computing server system,
ergonomic risk control recommendations to mitigate the
ergonomic risks, wherein the video signals of the worker
performing the hand-related job are obtained via a sensorless
motion capture process.

The above simplified summary of example aspects serves
to provide a basic understanding of the present disclosure.
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This summary is not an extensive overview of all contem-
plated aspects, and is intended to neither identify key or
critical elements of all aspects nor delineate the scope of any
or all aspects of the present disclosure. Its sole purpose is to
present one or more aspects in a simplified form as a prelude
to the more detailed description of the disclosure that
follows. To the accomplishment of the foregoing, the one or
more aspects of the present disclosure include the features
described and exemplary pointed out in the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings, which are incorporated into
and constitute a part of this specification, illustrate one or
more example aspects of the present disclosure and, together
with the detailed description, serve to explain their prin-
ciples and implementations.

FIG. 1 illustrates an overall architecture of a Cloud-based
computing system equipped with computer vision and
machine learning capabilities to automatically perform ergo-
nomics risk identification and assessment of a number of
hand grips, according to an exemplary aspect of the present
disclosure;

FIG. 2(A) illustrates that the system of FIG. 1 obtains a
red-green-blue (RGB) image from a video recording via a
sensorless motion capture process, according to an exem-
plary aspect of the present disclosure;

FIG. 2(B) illustrates 3-dimensional (3D) hand pose esti-
mation results of the RGB image of FIG. 2(A), according to
an exemplary aspect of the present disclosure;

FIG. 2(C) illustrates hand grip classification results based
on the 3D hand pose estimation results of the RGB image of
FIG. 2(A), according to an exemplary aspect of the present
disclosure;

FIG. 3 illustrates an overall workflow of the system of
FIG. 1, according to an exemplary aspect of the present
disclosure;

FIG. 4 illustrates 14 activities while a worker is handling
various tools using his or her hands, according to an exem-
plary aspect of the present disclosure;

FIG. 5(A) illustrates an example image obtained from a
video recording a worker sitting and handling tools via his
hands on a table, according to an exemplary aspect of the
present disclosure;

FIG. 5(B) illustrates another example image obtained
from a video recording an upper body of a worker sitting and
handling tools via his hands on a table, according to an
exemplary aspect of the present disclosure;

FIG. 5(C) illustrates yet another example image obtained
from a video recording a worker standing and handling tools
via his hands on a table, according to an exemplary aspect
of the present disclosure;

FIG. 5(D) illustrates an additional example image
obtained from a video recording an upper body of a worker
standing and handling tools via his hands on a table,
according to an exemplary aspect of the present disclosure;

FIG. 6(A) illustrates an example image obtained from a
video recording a worker sitting and handling tools on a wall
with his hands at chest height, according to an exemplary
aspect of the present disclosure;

FIG. 6(B) illustrates another example image obtained
from a video recording an upper body of a worker sitting and
handling tools on a wall with his hands at eye height,
according to an exemplary aspect of the present disclosure;

FIG. 6(C) illustrates yet another example image obtained
from a video recording a worker standing and handling tools
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on a wall with his hands at chest height, according to an
exemplary aspect of the present disclosure;

FIG. 6(D) illustrates an additional example image
obtained from a video recording an upper body of a worker
standing and handling tools with his hands at eye height,
according to an exemplary aspect of the present disclosure;

FIG. 7(A) illustrates that an example image obtained from
a video recording a worker handling tools via his hands from
a frontal perspective, according to an exemplary aspect of
the present disclosure;

FIG. 7(B) illustrates an example image obtained from a
video recording a worker handling tools via his hands from
abackward perspective, according to an exemplary aspect of
the present disclosure;

FIGS. 8(A) and 8(B) illustrate additional example images
captured from the frontal perspective and FIGS. 8(C) and
8(D) illustrate additional example images captured from the
backward perspective of FIGS. 7(A) and 7(B), respectively,
according to an exemplary aspect of the present disclosure;

FIG. 9 illustrates that the system of FIG. 1 obtains a
number of training videos recording different hand grip
types, according to an exemplary aspect of the present
disclosure;

FIG. 10(A) illustrates a palm detection model generated
for detecting hand joints locations in an image, according to
an exemplary aspect of the present disclosure;

FIG. 10(B) illustrates a hand landmark model generated
based on the hand joints locations of FIG. 10(A), according
to an exemplary aspect of the present disclosure;

FIG. 11 illustrates that the system of FIG. 1 detects and
estimates hand joints of the left hand in an image while
failing to detect hand joints of the right hand in the image,
according to an exemplary aspect of the present disclosure;

FIG. 12 illustrates the number of data obtained from the
training videos of FIG. 9 and detection rates of a number of
hand grips based on the data by the system of FIG. 1,
according to an exemplary aspect of the present disclosure;

FIG. 13(A) illustrates random orientations of hand joint
coordinates that are not normalized by the system of FIG. 1,
according to an exemplary aspect of the present disclosure;

FIG. 13(B) illustrates that coordinates of an identified
wrist are translated into an origin in 3D space by the system
of FIG. 1, according to an exemplary aspect of the present
disclosure;

FIG. 13(C) illustrates that the system of FIG. 1 normalizes
the random hand joint coordinates of FIG. 13(A) based on
the origin of FIG. 13(B), according to an exemplary aspect
of the present disclosure;

FIG. 13(D) illustrates that the system of FIG. 1 aligns
coordinates of a first reference hand joint with Z-axis,
according to an exemplary aspect of the present disclosure;

FIG. 13(E) illustrates that the system of FIG. 1 aligns
coordinates of a second reference hand joint with Y-axis,
according to an exemplary aspect of the present disclosure;

FIG. 13(F) illustrates that the system of FIG. 1 replaces
X-coordinates of all hand joints with their absolute values,
according to an exemplary aspect of the present disclosure;

FIG. 14(A) illustrates that random orientations of hand
joint coordinates of both left and right hands that are
originally obtained by the system of FIG. 1, according to an
exemplary aspect of the present disclosure;

FIG. 14(B) illustrates hand joint coordinates of both left
and right hands that are transformed by the system of FIG.
1 in accordance with FIGS. 13(B)-13(F), according to an
exemplary aspect of the present disclosure;
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FIG. 15 illustrates hand grip data used by the system of
FIG. 1 to train and validate a hand grip classifier of the
system, according to an exemplary aspect of the present
disclosure;

FIG. 16 illustrates training loss and validation loss of the
hand grip classifier of FIG. 15, according to an exemplary
aspect of the present disclosure;

FIG. 17 illustrates an example detection rate of 3D hand
pose estimation by the system of FIG. 1 based on a number
of obtained videos, according to an exemplary aspect of the
present disclosure;

FIG. 18 illustrates several performance parameters of a
hand grip identification process by the system of FIG. 1
based on a number of obtained videos, according to an
exemplary aspect of the present disclosure;

FIG. 19 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.1,
according to an exemplary aspect of the present disclosure;

FIG. 20 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.2,
according to an exemplary aspect of the present disclosure;

FIG. 21 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.3,
according to an exemplary aspect of the present disclosure;

FIG. 22 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.4,
according to an exemplary aspect of the present disclosure;

FIG. 23 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.5,
according to an exemplary aspect of the present disclosure;

FIG. 24 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.6,
according to an exemplary aspect of the present disclosure;

FIG. 25 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.7,
according to an exemplary aspect of the present disclosure;

FIG. 26 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.8,
according to an exemplary aspect of the present disclosure;

FIG. 27 illustrates confusion matrix when a threshold of
a hand grip classification of the system of FIG. 1 is 0.9,
according to an exemplary aspect of the present disclosure;
and

FIG. 28 illustrates a flowchart of a method for identifying
industrial ergonomics risk root-causes and providing risk
control actions, according to an exemplary aspect of the
present disclosure.

DETAILED DESCRIPTION

Various aspects of the present disclosure will be described
with reference to the drawings, wherein like reference
numerals are used to refer to like elements throughout. In the
following description, for purposes of explanation, numer-
ous specific details are set forth in order to promote a
thorough understanding of one or more aspects of the
present disclosure. It may be evident in some or all
instances, however, that any aspects described below can be
practiced without adopting the specific design details
described below.

Referring to FIG. 1, in accordance with aspects of the
present disclosure, a system 100 deployed within a Cloud-
based (and/or server-based) computing environment and
communication network may be configured to provide rel-
evant stakeholders 102a, 1026 . . . 102z (e.g., employers,
safety professionals, etc.) with an ergonomics risk identifi-
cation and assessment of a number of hand grips based on
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video recordings of workers performing various hand-re-
lated tasks in any industrial setup. As will be described fully
below, to alleviate the prevalence of hand-related MSDs,
system 100 may be configured to accurately identity various
risky hand grips by workers handling tools with, for
example, only an ordinary camera. System 100 may be
configured to continuously identify and localize risky hand
grips within given image frames of obtained video record-
ings of workers handling tools via their hands.

In one embodiment, a user-facing application, which may
be a mobile or web-based application (e.g., native iOS or
Android Apps), may be downloaded and installed on a
selected computing device or system 104, 106 or 108 for
obtaining a video of a worker performing a hand-related job
and information regarding forces being applied or exerted
during the job. Computing device 104, 106 or 108 hosting
the mobile or web-based application may be configured to
connect, via suitable communication protocol 110 and net-
work 112, with a remote Cloud server system 114 which
may be configured to use machine learning based computer
vision (e.g., a sensorless motion capture process) technology
to analyze one or more image frames of the obtained video
recording (FIG. 2(A)) in order to perform at least a three-
dimensional (3D) hand pose estimation and a hand grip
classification process to identify several grip types (FIG.
2(B)). In one preferred embodiment, as shown in FIG. 2(C),
seven grip types may be identified by system 100 of the
present disclosure: a cylindrical grip or grasp (e.g., the
whole hand of a worker is in contact with an object, and
curved with thumb opposition), a diagonal volar grip (e.g.,
the angle between the plane defined by the thumb phalanges
and the symmetry plane of an object is less than 30° and
there is contact between the object and the palmar sides of
the thumb, the palm and at least three long fingers), a tripod
grip (e.g., a grip using three fingers of the hand—the thumb,
index and middle finger), a pulp grip or pinch (e.g., force is
generated between the pad of the thumb and the pad of one
or more remaining fingers), a lateral grip (e.g., the thumb
opposes the lateral side of another finger), and index point-
ing (e.g., this grip enables a person to press buttons, ring a
doorbell, use a smartphone, or point out directions. The
index finger remains extended while other fingers flex in
towards the palm, and other-type grip.

It should be appreciated that each of the computing
devices or systems 104, 106, 108 may comprise at least one
of computing devices, servers, server farms, laptops, tablets,
mobile devices, smart phones, smart watches, fitness tracker
devices, cellular devices, gaming devices, media players,
network enabled printers, routers, wireless access points,
network appliances, storage systems, any suitable databases,
gateway devices, smart home devices, virtual or augmented
reality devices, or any other suitable devices that are
deployed in the same or different communication networks
of these computing devices and systems. The Cloud server
system 114 may be configured to provide functionalities for
any connected devices such as sharing data or provisioning
resources among multiple client devices, or performing
computations for each connected client device. The term
“server” generally refers to a computing device or system,
including processing hardware and process space(s), an
associated storage medium such as a memory device or
database, and, in some instances, at least one database
application as is well known in the art. It should also be
understood that “server system” and “server” are often used
interchangeably herein.

In one embodiment, computing devices 104, 106, 108 and
any connected computing devices of the system 100 may be
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configured to communicate with the Cloud server system
114 via a communication network 112 using suitable net-
work connections and protocols 110. A communication
network (e.g., communication network 112) may refer to a
geographically distributed collection of computing devices
or data points interconnected by communication links and
segments for transporting signals and data therebetween. A
protocol (e.g., protocol(s) 110) may refer to a set of rules
defining how computing devices and networks may interact
with each other, such as frame relay, internet protocol (IP),
transmission control protocol (TCP), user datagram protocol
(UDP), hypertext transfer protocol (HTTP). Many types of
communication networks are available, ranging from local
area networks (LANs), wide area networks (WANSs), cellular
networks, to overlay networks and software-defined net-
works (SDNs), a packet data network (e.g., the Internet),
mobile telephone networks (e.g., cellular networks, such as
4G or 5G), Plain Old Telephone (POTS) networks, and
wireless data networks (e.g., Institute of Electrical and
Electronics Engineers (IEEE) 802.11 family of standards
known as Wi-Fi®, WiGig®, IEEE 802.16 family of stan-
dards known as WiMax®), IEEE 802.15.4 family of stan-
dards, a Long Term Evolution (LTE) family of standards, a
Universal Mobile Telecommunications System (UMTS)
family of standards, peer-to-peer (P2P) networks, virtual
private networks (VPN), Bluetooth, Near Field Communi-
cation (NFC), or any other suitable network. Computing
devices 104, 106 and 108 may be configured to communi-
cate in a peer to peer manner to replace, duplicate, supple-
ment or extend the functionalities of communication net-
work 112.

In one aspect, the Cloud server system 114 of the present
disclosure may be configured to provide various computing
services using shared resources. Cloud computing may
generally include Internet-based computing in which com-
puting resources are dynamically provisioned and allocated
to each connected computing device or other devices on-
demand, from a collection of resources available via the
network or the Cloud. Cloud computing resources may
include any type of resource, such as computing, storage,
and networking. For instance, resources may include service
devices (firewalls, deep packet inspectors, traffic monitors,
load balancers, etc.), computing/processing devices (servers,
CPUs, GPUs, random access memory, caches, etc.), and
storage devices (e.g., network attached storages, storage area
network devices, hard disk drives, solid-state devices, etc.).
In addition, such resources may be used to support virtual
networks, virtual machines, databases, applications, etc. The
term “database,” as used herein, may refer to a database
(e.g., relational database management system (RDBMS) or
structured query language (SQL) database), or may refer to
any other data structure, such as, for example a comma
separated values (CSV), tab-separated values (TSV),
JavaScript Object Notation (JSON), eXtendible markup
language (XML), TeXT (TXT) file, flat file, spreadsheet file,
and/or any other widely used or proprietary format. In some
embodiments, one or more of the databases or data sources
may be implemented using one of relational databases, flat
file databases, entity-relationship databases, object-oriented
databases, hierarchical databases, network databases,
NoSQL databases, and/or record-based databases.

Within the system 100, Cloud computing resources acces-
sible via any suitable communication network (e.g., Inter-
net) may include a private Cloud, a public Cloud, and/or a
hybrid Cloud. Here, a private Cloud may be a Cloud
infrastructure operated by an enterprise for use by the
enterprise, while a public Cloud may refer to a Cloud
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infrastructure that provides services and resources over a
network for public use. In a hybrid Cloud computing envi-
ronment which uses a mix of on-premises, private Cloud and
third-party, public Cloud services with orchestration
between the two platforms, data and applications may move
between private and public Clouds for greater flexibility and
more deployment options. Some example public Cloud
service providers may include Amazon (e.g., Amazon Web
Services® (AWS)), IBM (e.g., IBM Cloud), Google (e.g.,
Google Cloud Platform), and Microsoft (e.g., Microsoft
Azure®). These providers provide Cloud services using
computing and storage infrastructures at their respective
data centers and access thereto is generally available via the
Internet. Some Cloud service providers (e.g., Amazon AWS
Direct Connect and Microsoft Azure ExpressRoute) may
offer direct connect services and such connections typically
require users to purchase or lease a private connection to a
peering point offered by these Cloud providers.

The Cloud server system 114 of the present disclosure
may be configured to connect with various data sources or
services 116a, 1165, 116c, . . . 116x. For example, one of the
data sources or services 116a, 1165, 116¢, . . . 116n may
comprise an artificial intelligence based diagnostic system or
an expert or knowledge based diagnostic or evaluation
system for providing or optimizing recommendations for
addressing any identified risky hand grips and such recom-
mendations may include text, audio, video, and other rich
media explanations.

FIG. 3 illustrates an example overall workflow 300 of a
hand grip identification system 100 of the present disclosure.
Input data required by the system 100 may include video
signals showing a worker performing a job using his/her
hand(s). In a preferred embodiment, a sensorless motion
capture process 302 may be carried out by the system 100
via only one ordinary camera for obtaining the video signals.
The system 100 may be configured to utilize computer
vision technology and machine learning algorithms to pro-
cess the video signals and identify 304 the presence and
types of the hand grips via one or more image frames of the
video signals, as shown in FIGS. 2(B) and 2(C). For
example, referring back to FIG. 1, the user-facing applica-
tion of the system 100 may include a plurality of modules
executed and controlled by the processor of the hosting
computing device or system 104, 106 or 108 for obtaining,
analyzing and processing a video. In one example, a video
receiving/communication interface module (not shown) of
the user-facing application may prompt the user of the
system 100 to directly record a video of a worker performing
a series of work activities via the hosting computing device
or system 104, 106 or 108. In another example, the video
receiving/communication interface module may be config-
ured to receive video signals via, e.g., a universal serial bus
(USB) connector (e.g., USB-A, USB-B, USB-B Mini,
USB-B Micro, USB-C, USB4, Lightning) or any suitable
ports or connectors, from external sources (e.g., any suitable
video file storage devices or video players such as CD/DVD
disc players, digital cameras and sensors, web cameras, or
any suitable computing devices and imaging devices with
video recording capabilities). In some embodiments, the
video receiving/communication interface module may be
configured to receive video transmission signals in both
analog and digital formats. Further, the user-facing applica-
tion may use a control module (e.g., processor/microproces-
sor of the hosting computing device or system 104, 106 or
108) to identify the file format of the received video and
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determine whether the video is eligible for motion capture
processing (e.g., 3D hand pose estimation as shown in FIG.
2(B)).

In certain embodiments, a video format converting mod-
ule (not shown) may be implemented for converting the
format of video signals originally received by the video
receiving interface module into digital video files in a
targeted format required by the Cloud server system 114 for
further processing. The system 100 of the present disclosure
may process and convert video files in various formats
including but not limited to MP4 (MPEG-4 Part 14), MOV
(QuickTime Movie), WMV (Windows Media Viewer), AVI
(Audio Video Interleave), AVCHD (Advanced Video Cod-
ing High Definition), flash video formats FLV, F4V, and
SWF (Shockwave Flash), MKV, WEBM or HTMLS5, and
MPEG-2. In some implementations, the video receiving/
communication interface module may transmit the obtained
video signals to the Cloud server system 114 or any of
external data services 116a, 1165, 116c¢, . . . 116 for an
initial verification whether the video is eligible for motion
capture processing (e.g., 3D hand pose estimation as shown
in FIG. 2(B)) and/or format conversion. For example, a
number of parameters may be checked during the initial
verification process: the resolution of the video recording;
the bitrate of the video recording; the duration of the video
recording; the file size of the video recording; and the format
of the video recording.

To facilitate bi-directional communication, the video
receiving/communication interface module of the user-fac-
ing application may also be used to receive the stream of
video signals transmitted from one or more multimedia data
processing sources (e.g., the Cloud server system 114 or any
of external data services 116a, 1165, 116c¢, . . . 116n), save
the received video signals locally on the hosting computing
device or system 104, 106 or 108, and/or transmit the
received video signals to other computing devices deployed
within the system 100.

As shown in FIG. 3, the system 100 may be configured to
display 306 at least one image of each identified hand grip
to the user and calculate 316 the frequency and duration of
all identified hand grips based on the video signals. Fre-
quency may be referred to as the number of occurrences of
specific hand grip types per minute. When a same hand grip
type is consistently identified across image frames for more
than 1 second (e.g., 30 frames in a 30 frames per second
(FPS) video), it may be determined as a single occurrence of
that grip type. To compute the frequency, the total number of
occurrences of hand grip types may be divided by the overall
video duration in minutes. Duration of each hand grip type
may be calculated in seconds by counting the number of
image frames of the identified hand grip types. Dividing the
frame count of hand grip types by the frame rate of a video
(e.g., 30 frames per second) may result in an estimated
duration of certain hand grip types in seconds.

If there is any force involved in the recorded work task,
the user may be prompted to enter 308 relevant force
information for each identified hand grip. In the meantime,
information obtained via the sensorless motion capture
process 302 may be used to identify 310 wrist bending of the
user in handling certain tools in the recorded video signals.
Subsequently, system 100 may be configured to compare
312 grip force provided by the user to a plurality of
thresholds indicating neutral or hazardous wrist bending and
calculate 314 percent maximum strength for each identified
hand grip accordingly. Different threshold values of a grip
force may be applied to a number of different hand grip
types by considering the distinct muscle groups and biome-
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chanics, which may allow different levels of grip force. In
some implementations, different threshold values may be
determined by considering anthropometric studies regarding
human capability limits for different grips types, variations
in strength capabilities based on changes in wrist postures
and potential muscular fatigue associated with the frequency
and/or duration of a hand grip. For example, a force thresh-
old of 2 Ib (0.9 kg) may be used as threshold values for
repetitive pulp grips with deviated wrist postures, while that
force threshold increases to 3.2 1b (1.4 kg) if the wrist is in
a biomechanically neutral posture. In the case of a cylindri-
cal grip, example force thresholds may be 6.4 Ib (2.9 kg) and
12.7 b (5.8 kg) for deviated and neutral wrist postures,
respectively.

In addition, the system 100 may be configured to calculate
318 the frequency and duration of all identified wrist bend-
ing positions based on the obtained video signals. Frequency
may be represented by the number of occurrences of a wrist
bending per minute. When a wrist bending is consistently
identified across image frames over 1 second (e.g., 30
frames in a 30 FPS video), it may be determined as a single
occurrence of the wrist bending. To compute the frequency,
the total number of occurrences of wrist bending may be
divided by the overall video duration in minutes. Duration of
a wrist bending may be calculated in seconds by counting
the number of image frames of the identified wrist bending.
Dividing the frame count of identified wrist bending by the
frame rate of a video (e.g., 30 frames per second) may result
in the estimated duration of the wrist bending in seconds.

As will be described fully below, in one embodiment, the
Cloud server system 114 may be configured to establish 320
ergonomic risk(s) for one or more identified hand grips
based on determined hand grip frequency, hand grip dura-
tion, percent of maximum strength, awkward posture fre-
quency, and awkward posture duration. Ergonomic risk may
be established based on, e.g., a grip frequency, a grip
duration, a percent of maximum strength, an awkward
posture frequency, and an awkward posture duration. For
example, the number of hazardous conditions may be iden-
tified and counted, and the counted number may be assessed
to score the level of the current ergonomic risks (e.g., low (0
or 1), medium (2), and high (3, 4, or 5)).

In some implementations, a list of risk controls that
mitigate the identified risky hand grips may be provided to
the user who can further select the appropriate corrective
risk control actions.

In accordance with aspects of the present disclosure,
video signals of workers handling tools have been collected
to at least train and validate a hand grip classifier of the hand
grip identification system 100. In one study, 11 participants
were filmed handling various tools. The participants include
7 men and 4 women, all of whom had different physical
characteristics (e.g., sizes of hands and strength) and expe-
riences of using tools, in order to monitor the hand grips of
a wide range of people. The 11 participants were divided
into two groups. Eight participants (5 men and 3 women)
were assigned to a training group, from which video signals
were collected for training and validating the hand grip
classifier of system 100, as shown in FIG. 2(C). The
remaining 3 participants (2 men and 1 woman) were
assigned to a test group, from which video signals were
collected to test the overall hand grip identification system
100.

As shown in the table of FIG. 4, 14 activities may be
recorded for collecting video signals of handling various
tools with different hand grips and body postures by the
participants. Among them, seven activities 402 may repre-
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sent real-world scenarios of handling various tools, such as
hammers, drills, and drivers. For example, the #4 of activi-
ties 402 may require a participant use his/her thumb and
index fingers of the left hand to hold a wire (i.e., a pulp grip)
and place the thumb of the right hand in one loop of scissors
and the index and middle fingers in the other loop of the
scissors (i.e., a lateral grip). Seven random movement activi-
ties 404 were recorded by the system 100 to analyze
variations of hand postures while a specific participant was
maintaining the same hand grips. In one embodiment, the
video signals collected from the random movement activi-
ties 404 may be used for training the hand grip classifier of
the system 100 along with videos from the handling tool
activities 402. Training the hand grip classifier of the system
100 using the grips with variations may improve accuracy as
well as robustness to unseen variations, resulting in better
generalizability.

In this study, training videos were collected from the 8
participants of the training group, while they conducted
various hand-related activities. Each activity was repeated to
record hand grips under different conditions, including dif-
ferent body postures and different camera angles. Each of
the seven activities of handling tools (e.g., activities 402 of
FIG. 4) was repeated and recorded in eight different condi-
tions (i.e., a total of 56 videos). In one embodiment, these
conditions may include sitting or standing while handling
tools on the table, as shown in FIGS. 5(A)-5(D), and sitting
or standing while handling tools on the wall, as shown in
FIGS. 6(A)-6(D). When the activities were performed on the
table, the system 100 may be configured to record the
activities by zooming in on the hands (e.g., FIG. 5(A)) or
capturing the entire upper body including the shoulder and
upper arms (e.g., FIG. 5(B)) of a specific participant. When
the activities were performed on the wall, the height of the
hands was either at chest height (e.g., FIGS. 6(A) and 6(C))
or at eye height (e.g., FIGS. 6(B) and 6(D)). Additionally,
the seven random movement activities 404 of FIG. 4 may be
recorded in two different conditions (i.e., a total of 14
videos), a frontal view as shown in FIG. 7(A), and a
backward view as shown in FIG. 7(B). Although these
random movement activities were recorded in two different
conditions, system 100 of the present disclosure may be
configured to capture a variety of different postures from
different camera angles, as shown in FIGS. 8(A)-8(D).
Specifically, FIGS. 8(A) and 8(B) show frontal views and
FIGS. 8(C) and 8(D) show backward views of these random
movement activities.

From the eight people of the training group, 560 videos
were collected. Each video was around 30 seconds long and
was recorded by using either a camera associated with a
mobile phone or an action camera, which captured 30 FPS.
The 560 videos were around 423 minutes long in total and
contained around 60 minutes of each identified hand grip, as
shown in FIG. 9. The system 100 collected 760,588 image
frames from these videos.

The three people of the test group did not conduct the
random movement activities 404 of FIG. 4, but only con-
ducted the seven activities of handling tools 402, which
represent the real-world scenario of using tools. Each activ-
ity was repeated for eight conditions (i.e., a total of 56
videos), similar to that of FIGS. 5(A)-5(D) and 6(A)-6(D).
Overall, 168 test videos were collected. Each test video was
recorded for 30 seconds by using a camera associated with
a mobile phone or an action camera, which captured 30 FPS.
The 168 videos were around 115 minutes long in total and
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contained around 16 minutes of each identified hand grip, as
shown in FIG. 9. These videos include a total of 206,296
image frames.

In accordance with aspects of the present disclosure, the
system 100 may perform 3D hand pose estimation based on
deep learning algorithms. For example, training videos may
be processed by the Cloud server system 114 of system 100
to collect the hand grip data for developing the hand grip
classifier. For example, the 760,588 image frames from the
560 training videos were used to estimate the 3D hand
posture data.

In one aspect, the Cloud server system 114 may include
a palm detection module and a hand landmark module. The
term “module” as used herein refers to a real-world device,
component, or arrangement of components and circuitries
implemented using hardware, such as by an application
specific integrated circuit (ASIC) or field-programmable
gate array (FPGA), for example, or as a combination of
hardware and software, such as by a microprocessor system
and a set of instructions to implement the module’s func-
tionality, which (while being executed) transform the micro-
processor system into a special purpose device. A module
may also be implemented as a combination of the two, with
certain functions facilitated by hardware alone, and other
functions facilitated by a combination of hardware and
software. Each module may be realized in a variety of
suitable configurations, and should not be limited to any
example implementation exemplified herein.

The palm detection module may be configured to detect
hand locations in an image, as shown in FIGS. 10(A), and
the hand landmark module may be configured to estimate
the 3D coordinates of 21 hand joints of the detected hands.
As shown in FIG. 10(B), joint #0 may correspond to the
wrist, joint #1 corresponding to thumb carpometacarpal
joint, joint #2 corresponding to thumb metacarpophalangeal
joint, joint #3 corresponding to thumb interphalangeal joint,
joint #4 corresponding to thumb tip, joint #5 corresponding
to index finger metacarpophalangeal joint, joint #6 corre-
sponding to index finger proximal interphalangeal joint,
joint #7 corresponding to index finger distal interphalangeal,
joint #8 corresponding to index finger tip, joint #9 corre-
sponding to middle finger metacarpophalangeal joint, joint
#10 corresponding to middle finger proximal interphalan-
geal joint, joint #11 corresponding to middle finger distal
interphalangeal joint, joint #12 corresponding to middle
finger tip, joint #13 corresponding to ring finger metacar-
pophalangeal joint, joint #14 corresponding to ring finger
proximal interphalangeal joint, joint #15 corresponding to
ring finger distal interphalangeal joint, joint #16 correspond-
ing to ring finger tip, joint #17 corresponding to pinky finger
metacarpophalangeal joint, joint #18 corresponding to pinky
finger proximal interphalangeal joint, joint #19 correspond-
ing to pinky finger distal interphalangeal joint, joint #20
corresponding to pinky finger tip. In one embodiment, the
Cloud server system 114 may process around 8 FPS without
requiring graphical processing units (GPUs), which may
enable the real-time estimation of hand joints from image
frames collected for a typical FPS between 15 and 30.

The Cloud server system 114 may set up a selected
number of parameters (e.g., 4 parameters) including but not
limited to the maximum number of hands, model complex-
ity, minimum detection confidence, and minimum tracking
confidence. Minimum detection tracking confidence may
generally refer to the minimum confidence score for hand
detection to be considered successful by the palm detection
module. Minimum tracking confidence may generally refer
to the minimum confidence score for hand tracking to be
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considered successful. This parameter relates to the bound-
ing box intersection over union (IoU) threshold (e.g., the
area of overlap between a ground-truth bounding box speci-
fying where in the image the object is and a predicted
bounding box from the hand landmark detection) between
hands in the current frame and the last frame. In some
embodiments, the Cloud server system 114 may set up the
selected parameters as follows:

Maximum number of hands detected by the hand land-
mark module (between 1 to 4): 2 hands;

Model complexity (light or complex): complex;

Minimum detection confidence (from 0 to 1): 0.5; and

Minimum tracking confidence (from 0 to 1): 0.5.

Thereafter, the 760,588 image frames were input into the
Cloud server system 114 to estimate the 3D posture of hands
from the obtained video signals, which were used to train
and validate a hand grip classifier of the system, as shown
in FIG. 2(C). For each image frame, the Cloud server system
114 may determine the X, Y, and Z coordinates of 21 hand
joint locations of each detected hand in the frame, as shown
in FIGS. 10(A) and 10(B). To collect only quality data for
training the hand grip classifier, the Cloud server system 114
may be configured to discard data that failed to detect and
estimate hand joints. In one example, as shown in FIG. 11,
the Cloud server system 114 may fail to detect the right hand
within the selected detection and tracking confidence, the
right hand in the image may be ignored and only the
left-hand data may be collected from the image. As shown
in FIG. 12, 760,588 image frames may be collected from the
560 training videos originally. After identifying and discard-
ing the failed hand detections, the Cloud server system 114
may determine 711,467 hand joint coordinates. The discrep-
ancy before and after discarding the failed cases indicates
that the detection rate of the Cloud server system 114 on the
training videos was around 93.54% for this study. Generally,
hand detection while handling tools is very challenging due
to severe occlusion caused by the tools. As shown in FIG.
12, the detection rates of cylindrical and diagonal grips may
be lower than that of the other hand grips, as the cylindrical
and diagonal grips were recorded while handling large tools,
such as drills, hammers, and drivers, which may cause
severe occlusions of hands. By contrast, the other grips were
recorded while handling small tools like nails, ranches, and
pens and no severe occlusion was encountered.

As shown in FIG. 13(A), the raw output of hand joint
coordinates calculated by the Cloud server system 114 may
have random orientation and was not normalized. The direct
use of such unorganized data may not be suitable for hand
grip classification. To organize the hand grip data, the
aforementioned 711,467 hand joint coordinates may be
post-processed by the Cloud server system 114 in order to
transform the coordinates of hand joints to have similar
orientations and ranges of values.

In some embodiments, the wrist of the raw 3D coordinates
may be translated by the Cloud server system 114 into an
origin coordinate (i.e., (0,0,0) in 3D space), as shown in FIG.
13(B). Next, the coordinates may be normalized by assign-
ing the farthest joint distance from the origin as 1, as shown
in FIG. 13 (C). The normalized coordinates may then be
rotated to align joint #9 on the Z-axis of FIG. 13(D) and to
align joint #5 on the Y-axis of FIG. 13(E). In one embodi-
ment, joints #9 and #5 may be selected for the reference
points of the transformation since their relative locations
may be stationary regardless of hand grips. At this step, the
orientations of the left and right-hand joints may be mirrored
with respect to the YZ-plane. To align the orientations of the
left and the right hand joints with the same orientation, the



US 12,020,193 B1

15

X coordinates of the hand joints may be replaced by their
absolute values for them to be aligned in similar orienta-
tions, regardless of the handedness, as shown in FIG. 13(F).
As a result of the post-processing, the Cloud server system
114 may transform hand joints of different orientations
shown in FIG. 14(A) to have similar orientations shown in
FIG. 14(B). The transformed 3D coordinates of hand joints
may generate data in suitable format for further processing
by the Cloud server system 114 for each hand grip. In certain
embodiments, the origin (wrist location) may be discarded
to remove data redundancy for each identified hand grip. For
this study, 711,467 of 60D hand grip data were collected.

The hand grip classification process and classifier of the
system 100 may take the processed hand grip data as an
input, and calculate seven confidence values, corresponding
to the seven grip types as shown in FIG. 2(C). For example,
the composition of the collected dataset for training and
validating the classifier is shown in FIG. 15. For training and
validating the classifier, the 711,467 input data may be
partitioned into 569,175 data (80%) for training and 142,294
data (20%) for validation. Before data partition, the input
data may be randomly shuffled to avoid any biases caused by
the order of data. In addition, when the data are partitioned,
the number of instances for each hand grip type may be
maintained to preserve the original distribution.

In some embodiments, the Cloud server system 114 may
use a feedforward classifier to process the hand grip data and
generate classification confidence corresponding to the
seven grip types, each ranging from 0 to 1. The feedforward
classifier may include several numbers of dense blocks.
Each dense block may include a hidden layer, an activation
function, a batch normalization, and dropout layers. For
each hidden layer, a regularization term (e.g., .1 or L2
norm) may be used by the Cloud server system 114 to
improve the generalizability of the feedforward classifier. [.1
regularization, also called a lasso regression, adds the “abso-
lute value of magnitude” of the coefficient as a penalty term
to the loss function. L2 regularization, also called a ridge
regression, adds the “squared magnitude” of the coefficient
as the penalty term to the loss function. To determine the
optimal model structure for the classifier, a number of
parameters may be determined. In one preferred embodi-
ment, eight parameters may be determined by the Cloud
server system 114 running the Bayesian optimization, which
is as follows:

The number of dense blocks: 5 blocks;

The number of hidden units for each dense block: 84, 80,

400, 148, and 141;

Dropout rate: 0.09657;

Regularization: 1.2 with lambda of 0.1794;

Activation function: ReL. U,

The order between Batch Norm, Activation, and Dropout:

Rel.U, Activation, and Dropout;

Learning rate: 0.017998; and

Optimizer: Adadelta.

Subsequently, the feedforward classifier may be trained
for 88 epochs and the lowest validation loss was 0.4345
when the epoch was 68 for this study, as shown in FIG. 16.
An epoch is a complete iteration through a dataset during the
training process of a model. It is used to measure the
progress of a model’s learning, as the number of epochs
increases, the model’s accuracy and performance generally
improves. FIG. 16 shows that the training and validation
losses while training are similar to each other, which indi-
cates that the classifier of system 100 is performing well and
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is learned generalizable features for classification. It also
indicates that the classifier has adequate model complexity
for this task and dataset.

In one aspect, probability thresholding may be performed
by the Cloud server system 114 as post-processing of the
classification results. As a result of the classification, the
classification confidence corresponding to the seven grip
types may be obtained, which represents the probability of
certainty corresponding to these grip types. A threshold may
be determined and applied by the Cloud server system 114
to only recognize the grips of high confidence. For example,
if a threshold is 0.5, the Cloud server system 114 may
identify a hand grip if its classification confidence is greater
than 0.5.

In accordance with aspects of the present disclosure, the
overall performance of hand grip identification may be
evaluated by the Cloud server system 114 using the videos
collected by the three people from the test group. For
example, 168 test videos of the study may be used for the
evaluation. Originally, the total test videos contained 206,
296 image frames. The number of post-processed hand grip
data from the 3D hand pose estimation was 194,706, after
discarding the cases in which the Cloud server system 114
failed to detect hands. This indicates that the hand detection
rate of the system 100 is 94.38%, as shown in FIG. 17. In
some embodiments, when the system 100 is applied to video
signals having 30 FPS, detection rate of 3D hand pose
estimation may be improved by applying post-processing
algorithms (e.g., filters).

FIG. 17 shows that 194,706 hand grip data from 3D hand
pose estimation were input into the hand grip classifier,
resulting in the final classification confidence, corresponding
to the seven risky hand grip types. As post-processing of the
hand grip classification, the classification confidence may be
thresholded to determine the confidently recognized hand
grips.

In certain embodiments, the performance of the hand grip
identification system 100 of the present disclosure may
depend on one or more threshold values for the classifica-
tion. For a number of threshold values ranging from 0.1 to
0.9, the average recall, precision, and rate of hand grip
identified over the total duration may be evaluated by the
Cloud server system 114, as shown in FIG. 18. In addition,
confusion matrices or error matrices corresponding to the
different threshold values may be generated by the Cloud
server system 114, as shown in FIGS. 19-27, respectively.
Each row of each matrix may represent the instances in an
actual class of the seven hand grips, while each column
represents the instances in a predicted class for the seven
hand grips. Among various threshold values, 0.4 and 0.5 as
shown in FIGS. 22 and 23 may be considered the best
choices, which achieved high precision (>85%) while
achieving fairly good recall (>75%) and rate of recognized
duration (around 90%). As shown in the confusion matrices
in FIGS. 19-27, cylindrical, diagonal, and tripod grips have
consistently lower precision and recall scores compared to
those of the other grips, as these grips were performed when
people were handling large tools, such as hammers, scissors,
drivers, and drills, which caused severe occlusion of hands.
In some implementations, applying post-processing algo-
rithms (e.g., filters) by the Cloud server system 114 may
minimize such false positive identification and improve
detection rate.

In accordance with additional aspects of the present
disclosure, the system 100 may be further configured to
improve the performance (e.g., precision and recall) of hand
grip identification. For example, the Cloud server system
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114 may perform suitable post-processing algorithms,
develop seven binary classifiers for hand grip classification,
and evaluate the performance of the hand grip recognition
for the gloved hand activities.

In certain embodiments, the system 100 of the present
disclosure may be applied to both online and offline hand
grip identification, and post-processing algorithms may be
performed for each approach. For offline post-processing,
further data tuning and refining may be carried out without
any time constraints. Filtering algorithms, such as hole-
filling algorithm and median filter, may be used to correct
false identifications and fill in unrecognized hand grips with
the most likelihood grips.

Moreover, instead of the multi-class classification used in
this study as shown in FIG. 2(C), binary classifiers may be
generated and used by the Cloud server system 114 to
identify different grip types. For example, each binary
classifier may classify if a hand grip is either a specific grip
or not. Bayesian optimization may be used to determine the
optimal model structure for each of the seven hand grip
classifiers.

In addition, gloved hand activity is also a common
real-world scenario for handling tools. The system 100 of
the present disclosure may be configured to continuously
identify and localize risky hand grips within one or more
image frames of obtained video recordings of workers
handling tools via their gloved hands.

According to aspects of the present disclosure, FIG. 28
illustrates a flowchart of a method 2800 for identifying and
analyzing a number of hand grips based on video recordings
of workers performing various hand-related work tasks in
any industrial setup. Method 2800 may comprise obtaining
(2802), by a processor of a computing device deployed
within a Cloud-based communication network, video signals
of'a worker performing a hand-related job at a workplace. A
computing server system deployed within the Cloud-based
communication network may be configured to receive
(2804) the video signals and process (2806) the video
signals to identify one or more hand grips and wrist bending
involved in the hand-related job. In one embodiment, pro-
cessing the video signals may comprise obtaining one or
more image frames from the video signals and using a deep
learning model to perform a 3-dimensional hand pose esti-
mation in each image frame. The computing server system
may be configured to use the deep learning model to perform
a hand grip classification of each identified hand grip in a
number of selected categories (e.g., a cylindrical hand grip,
a diagonal volar hand grip, a tripod hand grip, a pulp hand
grip, a lateral hand grip, an index pointing, and an other-type
hand grip).

The method 2800 of the present disclosure also comprises
obtaining (2808), by the computing server system, hand grip
force information relating to each identified hand grip;
determining (2810) neutral or hazardous wrist bending
based at least upon the wrist bending and the hand grip force
information; and calculating (2812) a percent maximum
strength for each identified hand grip.

In addition, the method 2800 comprises calculating (2814,
2816), by the computing server system, frequencies and
durations of each identified hand grip and wrist bending; and
determining (2818) ergonomic risks of the hand-related job
based at least upon the percent maximum strength for each
identified hand grip, the first frequency and duration of each
identified hand grip, and the second frequency and duration
of each identified wrist bending.

Unless specifically stated otherwise as apparent from the
foregoing disclosure, it is appreciated that, throughout the
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present disclosure, discussions using terms such as “pro-
cessing,” “computing,” “calculating,” “determining,” “dis-
playing,” or the like, refer to the action and processes of a
computer system, or similar electronic computing device,
that manipulates and transforms data represented as physical
(electronic) quantities within the computer system’s regis-
ters and memories into other data similarly represented as
physical quantities within the computer system memories or
registers or other such information storage, transmission or
display devices.

One or more components may be referred to herein as
“configured to,” “configurable to,” “operable/operative to,”
“adapted/adaptable,” “able to,” “conformable/conformed
to,” etc. Those skilled in the art will recognize that “con-
figured to” can generally encompass active-state compo-
nents and/or inactive-state components and/or standby-state
components, unless context requires otherwise.

Those skilled in the art will recognize that, in general,
terms used herein, and especially in the appended claims
(e.g., bodies of the appended claims) are generally intended
as “open” terms (e.g., the term “including” should be
interpreted as “including but not limited to,” the term
“having” should be interpreted as “having at least,” the term
“includes” should be interpreted as “includes but is not
limited to,” etc.). It will be further understood by those
within the art that if a specific number of an introduced claim
recitation is intended, such an intent will be explicitly recited
in the claim, and in the absence of such recitation no such
intent is present. For example, as an aid to understanding,
the following appended claims may contain usage of the
introductory phrases “at least one” and “one or more” to
introduce claim recitations. However, the use of such
phrases should not be construed to imply that the introduc-
tion of a claim recitation by the indefinite articles “a” or “an”
limits any particular claim containing such introduced claim
recitation to claims containing only one such recitation, even
when the same claim includes the introductory phrases “one
or more” or “at least one” and indefinite articles such as “a”
or “an” (e.g., “a” and/or “an” should typically be interpreted
to mean “at least one” or “one or more”); the same holds true
for the use of definite articles used to introduce claim
recitations.

In addition, even if a specific number of an introduced
claim recitation is explicitly recited, those skilled in the art
will recognize that such recitation should typically be inter-
preted to mean at least the recited number (e.g., the bare
recitation of “two recitations,” without other modifiers,
typically means at least two recitations, or two or more
recitations). Furthermore, in those instances where a con-
vention analogous to “at least one of A, B, and C, etc.” is
used, in general such a construction is intended in the sense
one having skill in the art would understand the convention
(e.g., “a system having at least one of A, B, and C” would
include but not be limited to systems that have A alone, B
alone, C alone, A and B together, A and C together, B and
C together, and/or A, B, and C together, etc.). In those
instances where a convention analogous to “at least one of
A, B, or C, etc.” is used, in general such a construction is
intended in the sense one having skill in the art would
understand the convention (e.g., “a system having at least
one of A, B, or C” would include but not be limited to
systems that have A alone, B alone, C alone, A and B
together, A and C together, B and C together, and/or A, B,
and C together, etc.). It will be further understood by those
within the art that typically a disjunctive word and/or phrase
presenting two or more alternative terms, whether in the
description, claims, or drawings, should be understood to
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contemplate the possibilities of including one of the terms,
either of the terms, or both terms unless context dictates
otherwise. For example, the phrase “A or B” will be typi-
cally understood to include the possibilities of “A” or “B” or
“Aand B.”

With respect to the appended claims, those skilled in the
art will appreciate that recited operations therein may gen-
erally be performed in any order. Also, although various
operational flow diagrams are presented in a sequence(s), it
should be understood that the various operations may be
performed in other orders than those which are illustrated, or
may be performed concurrently. Examples of such alternate
orderings may include overlapping, interleaved, interrupted,
reordered, incremental, preparatory, supplemental, simulta-
neous, reverse, or other variant orderings, unless context
dictates otherwise. Furthermore, terms like “responsive to,”
“related to,” or other past-tense adjectives are generally not
intended to exclude such variants, unless context dictates
otherwise.

It is worthy to note that any reference to “one aspect,” “an
aspect,” “an exemplification,” “one exemplification,” and
the like means that a particular feature, structure, or char-
acteristic described in connection with the aspect is included
in at least one aspect. Thus, appearances of the phrases “in
one aspect,” “in an aspect,” “in an exemplification,” and “in
one exemplification” in various places throughout the speci-
fication are not necessarily all referring to the same aspect.
Furthermore, the particular features, structures or character-
istics may be combined in any suitable manner in one or
more aspects.

As used herein, the singular form of “a”, “an”, and “the”
include the plural references unless the context clearly
dictates otherwise.

As used herein, the term “comprising” is not intended to
be limiting, but may be a transitional term synonymous with
“including,” “containing,” or “characterized by.” The term
“comprising” may thereby be inclusive or open-ended and
does not exclude additional, unrecited elements or method
steps when used in a claim. For instance, in describing a
method, “comprising” indicates that the claim is open-ended
and allows for additional steps. In describing a device,
“comprising” may mean that a named element(s) may be
essential for an embodiment or aspect, but other elements
may be added and still form a construct within the scope of
a claim. In contrast, the transitional phrase “consisting of”
excludes any element, step, or ingredient not specified in a
claim. This is consistent with the use of the term throughout
the specification.

Any patent application, patent, non-patent publication, or
other disclosure material referred to in this specification
and/or listed in any Application Data Sheet is incorporated
by reference herein, to the extent that the incorporated
materials is not inconsistent herewith. As such, and to the
extent necessary, the disclosure as explicitly set forth herein
supersedes any conflicting material incorporated herein by
reference. Any material, or portion thereof, that is said to be
incorporated by reference herein, but which conflicts with
existing definitions, statements, or other disclosure material
set forth herein will only be incorporated to the extent that
no conflict arises between that incorporated material and the
existing disclosure material. None is admitted to be prior art.

In summary, numerous benefits have been described
which result from employing the concepts described herein.
The foregoing description of the one or more forms has been
presented for purposes of illustration and description. It is
not intended to be exhaustive or limiting to the precise form
disclosed. Modifications or variations are possible in light of
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the above teachings. The one or more forms were chosen and
described in order to illustrate principles and practical
application to thereby enable one of ordinary skill in the art
to utilize the various forms and with various modifications
as are suited to the particular use contemplated. It is intended
that the claims submitted herewith define the overall scope.

The invention claimed is:

1. A system deployed within a Cloud-based communica-
tion network, the system comprising:

a computing device, comprising:

a non-transitory computer-readable storage medium con-

figured to store an application program; and

a processor coupled to the non-transitory computer-read-

able storage medium and configured to control a plu-
rality of modules to execute instructions of the appli-
cation program to obtain video signals of a worker
performing a hand-related job at a workplace; and

a computing server system configured to:

receive the video signals,

process the video signals to identify one or more hand
grips and wrist bending involved in the hand-related
job by obtaining one or more image frames from the
video signals,

incorporate a deep learning model in a 3-dimensional
(3D) hand pose estimation and hand grip classifica-
tion system to determine a hand grip type of each
identified hand grip, wherein the deep learning
model is trained and validated by recording a number
of hand-related activities to obtain images capturing
different hand grips and body postures, determining
3D coordinates of hand joints in each image based at
least upon a tracking confidence set for at least one
detected hand in sequential images, and normalizing
the 3D coordinates of hand joints to calculate con-
fidence values corresponding to a number of hand
grips,

obtain hand grip force information relating to each
identified hand grip,

determine neutral or hazardous wrist bending based at
least upon the wrist bending and the hand grip force
information,

calculate a percent maximum strength for each identi-
fied hand grip,

calculate a first frequency and duration of each identi-
fied hand grip,

calculate a second frequency and duration of each
identified wrist bending, and

determine ergonomic risks of the hand-related job
based at least upon the percent maximum strength
for each identified hand grip, the first frequency and
duration of each identified hand grip, and the second
frequency and duration of each identified wrist bend-
ing.

2. The system of claim 1, wherein the 3D hand pose
estimation and hand grip classification system is configured
to use the deep learning model to perform a hand grip
classification of each identified hand grip in a number of
selected categories.

3. The system of claim 2, wherein the number of selected
categories include a cylindrical hand grip, a diagonal volar
hand grip, a tripod hand grip, a pulp hand grip, a lateral hand
grip, an index pointing, and an other-type hand grip.

4. The system of claim 1, wherein the computing server
system is further configured to display at least one image of
each identified hand grip to a user and prompt the user to
enter the hand grip force information relating to each
identified hand grip based on the at least one image.
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5. The system of claim 1, wherein the computing device
is configured to obtain the video signals of the worker
performing the hand-related job via a sensorless motion
capture process.

6. The system of claim 1, wherein the computing server
system is further configured to provide ergonomic risk
control recommendations to mitigate the ergonomic risks.

7. A computer-implemented method, comprising:

obtaining, by a processor of a computing device deployed

within a Cloud-based communication network, video
signals of a worker performing a hand-related job at a
workplace;

receiving, by a computing server system deployed within

the Cloud-based communication network, the video
signals;
processing, by the computing server system, the video
signals to identify one or more hand grips and wrist
bending involved in the hand-related job by obtaining
one or more image frames from the video signals;

incorporating a deep learning model in a 3-dimensional
(3D) hand pose estimation and hand grip classification
system, by the computing server system, to determine
a hand grip type of each identified hand grip, wherein
the deep learning model is trained and validated by
recording a number of hand-related activities to obtain
images capturing different hand grips and body pos-
tures, determining 3D coordinates of hand joints in
each image based at least upon a tracking confidence
set for at least one detected hand in sequential images,
and normalizing the 3D coordinates of hand joints to
calculate confidence values corresponding to a number
of hand grips;

obtaining, by the computing server system, hand grip

force information relating to each identified hand grip;
determining, by the computing server system, neutral or
hazardous wrist bending based at least upon the wrist
bending and the hand grip force information;
calculating, by the computing server system, a percent
maximum strength for each identified hand grip;
calculating, by the computing server system, a first fre-
quency and duration of each identified hand grip;
calculating, by the computing server system, a second
frequency and duration of each identified wrist bend-
ing; and

determining, by the computing server system, ergonomic

risks of the hand-related job based at least upon the
percent maximum strength for each identified hand
grip, the first frequency and duration of each identified
hand grip, and the second frequency and duration of
each identified wrist bending.

8. The computer-implemented method of claim 7, further
comprising using, by the 3D hand pose estimation and hand
grip classification system, the deep learning model to per-
form a hand grip classification of each identified hand grip
in a number of selected categories.

9. The computer-implemented method of claim 8,
wherein the number of selected categories include a cylin-
drical hand grip, a diagonal volar hand grip, a tripod hand
grip, a pulp hand grip, a lateral hand grip, an index pointing,
and an other-type hand grip.

10. The computer-implemented method of claim 7, fur-
ther comprising:

displaying at least one image of each identified hand grip

to a user; and

prompting the user to enter the hand grip force informa-

tion relating to each identified hand grip based on the
at least one image.

20

40

45

50

55

60

22

11. The computer-implemented method of claim 7,
wherein the video signals of the worker performing the
hand-related job are obtained via a sensorless motion cap-
ture process.

12. The computer-implemented method of claim 7, fur-
ther comprising providing, by the computing server system,
ergonomic risk control recommendations to mitigate the
ergonomic risks.

13. A non-transitory computer readable medium storing
computer executable instructions for a system deployed
within a Cloud-based communication network, the instruc-
tions being configured for:

obtaining, by a processor of a computing device deployed

within the Cloud-based communication network, video
signals of a worker performing a hand-related job at a
workplace;

receiving, by a computing server system deployed within

the Cloud-based communication network, the video
signals;
processing, by the computing server system, the video
signals to identify one or more hand grips and wrist
bending involved in the hand-related job by obtaining
one or more image frames from the video signals;

incorporating a deep learning model in a 3-dimensional
(3D) hand pose estimation and hand grip classification
system, by the computing server system, to determine
a hand grip type of each identified hand grip, wherein
the deep learning model is trained and validated by
recording a number of hand-related activities to obtain
images capturing different hand grips and body pos-
tures, determining 3D coordinates of hand joints in
each image based at least upon a tracking confidence
set for at least one detected hand in sequential images,
and normalizing the 3D coordinates of hand joints to
calculate confidence values corresponding to a number
of hand grips;

obtaining, by the computing server system, hand grip

force information relating to each identified hand grip;
determining, by the computing server system, neutral or
hazardous wrist bending based at least upon the wrist
bending and the hand grip force information;
calculating, by the computing server system, a percent
maximum strength for each identified hand grip;
calculating, by the computing server system, a first fre-
quency and duration of each identified hand grip;
calculating, by the computing server system, a second
frequency and duration of each identified wrist bend-
ing; and

determining, by the computing server system, ergonomic

risks of the hand-related job based at least upon the
percent maximum strength for each identified hand
grip, the first frequency and duration of each identified
hand grip, and the second frequency and duration of
each identified wrist bending.

14. The non-transitory computer readable medium of
claim 13, further comprising instructions for using, by the
3D hand pose estimation and hand grip classification sys-
tem, the deep learning model to perform a hand grip
classification of each identified hand grip in a number of
selected categories.

15. The non-transitory computer readable medium of
claim 14, wherein the number of selected categories include
a cylindrical hand grip, a diagonal volar hand grip, a tripod
hand grip, a pulp hand grip, a lateral hand grip, an index
pointing, and an other-type hand grip.

16. The non-transitory computer readable medium of
claim 13, further comprising instructions for:
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displaying at least one image of each identified hand grip
to a user; and
prompting the user to enter the hand grip force informa-
tion relating to each identified hand grip based on the
at least one image. 5
17. The non-transitory computer readable medium of
claim 13, further comprising instructions for providing, by
the computing server system, ergonomic risk control rec-
ommendations to mitigate the ergonomic risks, wherein the
video signals of the worker performing the hand-related job 10
are obtained via a sensorless motion capture process.
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